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Some of the worst long-term outcomes of children are associated with the presence of external
izing behavior and low academic achievement. However, the nature of the causal and predictive
relationship between these two domains remains contested due to inconsistent findings in pre
vious literature. Leveraging a nationally representative sample (N = 7330) from the Early
Childhood Longitudinal Study (ECLS)–Kindergarten Cohort of 2011, we used latent class growth
analysis and machine learning cross validation techniques to analyze the association of early
math and reading achievement with the development of externalizing behavior trajectories in
elementary school. Several theoretically and empirically important covariates were utilized to
develop a profile of learners in each trajectory. Results indicated stable teacher ratings of
behavior across kindergarten to fifth grade and three primary trajectories, consisting of (1) higher
persistent, (2) low persistent, and (3) no problem behavior. Importantly, teacher rated early
inattention and approaches to learning behaviors, rather than direct standardized measures of
academic achievement, were the strongest malleable predictors to trajectory membership. Stu
dent demographics, including being a boy and identifying as Black, contributed to these students
being almost twice as likely to belong to the higher problem behavior trajectory as compared to
girls and White peers. Educational implications for intervention, as well as the influence of im
plicit bias and structural racism in the role of teacher ratings, are discussed.
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The notion that PreK–12th grade students’ academic and externalizing behavior outcomes are linked is so ingrained in the minds of
educators (Algozzine et al., 2011) that not only is it the basis of several interventions (e.g., Gettinger et al., 2021), but it also informs
various public policies (e.g., Every Student Succeeds Act, 2015). Consequently, several states and numerous school systems have
adopted small group interventions (Jones et al., 2011), universal evidence-based social-emotional learning programs (Collaborative
for Academic, Social, and Emotional Learning (CASEL), 2013), and school-wide positive behavioral supports (SWPBIS; Horner &
Sugai, 2015) to improve students’ behavioral and academic outcomes. Although evidence on the causal, and even predictive, asso
ciations between externalizing behavior and academic achievement is mixed at best (Algozzine et al., 2011), there is an added common
assumption that the association is the same within the entire student population (Kulkarni et al., 2020). This assumption could un
intentionally mask differential group mechanisms (Kazdin, 2007).

* Corresponding author at: 100 Campus Center, Building 3, Sea Side, CA 93955, USA.
E-mail address: tkulkarni@csumb.edu (T. Kulkarni).
1
Author Note: Department of Education and Leadership, California State University, Monterey Bay; Amanda L. Sullivan, Department of
Educational Psychology, University of Minnesota.
https://doi.org/10.1016/j.jsp.2022.07.004
Received 11 August 2021; Received in revised form 23 April 2022; Accepted 22 July 2022
Available online 11 August 2022
0022-4405/© 2022 The Authors. Published by Elsevier Ltd on behalf of Society for the Study of School Psychology. This is an open access article
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Journal of School Psychology 94 (2022) 1–14

T. Kulkarni and A.L. Sullivan

Given that current evidence identifies at least three different group trajectories of externalizing behavior (e.g., Olson et al., 2017),
consideration of how associations differ across trajectories of externalizing behavior could support a more accurate representation of
how early academic achievement is associated with the development of externalizing behavior, as well as inform subsequent practice,
programming, and policy. Therefore, the primary purpose of this study was to apply person-centered analyses to (a) identify if
membership to trajectories of externalizing behavior may be differentially associated with early math and reading achievement, and
(b) describe child, family, and school characteristics, if any, that are related to membership to those trajectories.
1. Summary of literature
Children with externalizing behavior problems are characterized primarily by aggressive, disruptive, and hyperactive behavior
(Achenbach & Rescorla, 2001). Those identified to have externalizing behavior problems in kindergarten have some of the poorest
educational outcomes, including lower rates of academic engagement, poor student-teacher relationships (Sabol & Pianta, 2012), and
higher rates of school dropout (Piquero et al., 2012). Externalizing problem behavior was thought to remain largely stable through
elementary school (e.g., Campbell et al., 2006); however, recent research has identified multiple developmental trajectories in which
children’s initial levels of problem behavior may either worsen, improve, or even decrease to non-clinical levels over the course of
elementary school (e.g., Olson et al., 2017).
The seminal theoretical literature on the development of trajectories of externalizing problem behavior was based on Moffitt’s
(1993) review of the development of antisocial behavior in boys from early and middle childhood to adulthood. Although antisocial
behavior is not perfectly aligned with what is currently conceptualized as externalizing behavior (Achenbach & Rescorla, 2001),
Moffit’s developmental theory was the first that identified multiple trajectories of problem behavior. Moffit conceptualized a 3-class
taxonomy consisting of (a) life course persistent problem behavior, (b) problem behavior that begins in adolescence, and (c) low to no
antisocial behavior. Subsequent research has been supportive of differential trajectories of externalizing behavior. It consistently
points to the existence of three to six distinct trajectories, depending on the sample and predictors used. For example, Kjellstrand et al.
(2018) used a sample of children with incarcerated parents and found four distinct trajectories, whereas Figge et al. (2018) used a
sample from the Longitudinal Studies in Child Abuse and Neglect and found five distinct trajectories. Other studies, utilizing similar
samples, have found three trajectories (e.g., Yoon et al., 2017). Although the number of trajectories has varied, studies have consis
tently found that the majority of children show low frequencies of externalizing behavior, and a smaller percentage of children belong
to a high externalizing behavior trajectory. Membership to this group is associated with several negative outcomes, including low
academic achievement, poor peer relations, and longer-term mental health challenges (e.g., Reef et al., 2011; Zimmermann et al.,
2013).
The development of externalizing behavior difficulties can be conceptualized through an ecological systems’ lens in which the
behavior results from a complex interaction of individual, family, and broader systemic factors (Bronfenbrenner, 1994; Li et al., 2017).
Most developmental literature in this domain has focused on child and family characteristics (e.g., coercive parenting styles), adverse
childhood experiences, and maternal stress as antecedents to at-risk behavior (Girard et al., 2019). Fewer studies have examined
broader systems (e.g., schools, neighborhoods); however, lower feelings of school safety and exposure to neighborhood violence are
two factors that have been identified as predictors of higher externalizing behavior difficulties (Figge et al., 2018). More broadly,
scholars have pointed to the challenges of differentiating intraindividual difference from racialized and gendered school contexts that
can nurture externalizing presentations, or at least adults’ perceptions thereof (e.g., Sullivan, 2017). Yet these considerations
notwithstanding, academic achievement and its relation to the development of externalizing behavior has also been studied exten
sively, although consensus on how they are related has remained elusive (Kulkarni et al., 2020).
The mechanisms underpinning causal and predictive relations between early academic failure and development of behavior
problems have been theorized in several ways. Early developmental theories stated that low self-esteem from academic failure could
result in children communicating their frustration in the form of externalizing behavior (e.g., Dishion et al., 1991). Similarly,
behavioral frameworks suggest that work-refusal to avoid the challenging task, in the form of externalizing behavior, could be a path
by which academic difficulties develop into problem behavior (McIntosh et al., 2006). Bidirectional or reciprocal effects have also been
hypothesized; for instance, children entering school with disruptive problems or academic difficulties may face peer and teacher
rejection or disciplinary consequences, and the resultant feelings of failure, low engagement, and loss of instructional time work in
parallel to worsen both academic and behavioral outcomes (Dishion et al., 1991). Lastly, some theorize that common antecedents, like
language difficulties, result in the observed comorbidity (Trzesniewski et al., 2006).
There is a robust literature that highlights the comorbidity between higher externalizing behavior problems and lower academic
achievement (Algozzine et al., 2011). Additionally, intervention studies integrating both academic and behavioral components have
been successful at improving academic achievement as well as behavioral outcomes (e.g., Gettinger et al., 2021). Still, the empirical
evidence backing predictive and causal theories is mixed. Hinshaw (1992) conducted the first review that examined the reciprocal
causal effects achievement and externalizing behavior may have on each other. Hinshaw (1992) reported that, overall, although some
studies reported small predictive associations between externalizing behavior and academic achievement in both directions, evidence
pointed to antecedent variables, for instance, inattention, that were likely contributing to any observed covariance. Additionally,
methodological limitations prevented any conclusions about causality. More recently, Kulkarni et al. (2020) conducted a systematic
review on the same topic and came to similar conclusions. Most of the studies reviewed found no meaningful effects between the two
domains (e.g., Duncan et al., 2007). However, some researchers reported small to moderate negative effects in the direction of early
behavioral difficulties and lower academic achievement in middle and high school (e.g., van Lier et al., 2012), whereas a smaller
literature base proposed that significant negative associations exist in the opposite direction (i.e., early academic difficulties are
2
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associated with later externalizing behavior; for example, see Burt & Roisman, 2010). Importantly, findings from the review high
lighted the role statistical design and covariates played in contradictory results (Kulkarni et al., 2020), hampering the ability to draw
conclusions that could inform practice.
Non-significant findings may be due to theoretical antecedent variables being associated with both achievement and externalizing
behavior, thus providing evidence to support an antecedent model (Hinshaw, 1992). The most common confound has been inattention,
which has been reported to account for comorbidity and even predictive associations between achievement and behavior (Metcalfe,
Harvey, & Laws, 2013; Rennie et al., 2014). Additionally, language impairment recently has been spotlighted as a possible antecedent
to both academic difficulties (Peng, Namkung, Barnes, & Sun, 2016) and behavioral problems (Chow et al., 2018). Differential con
clusions regarding the predictive and causal relations between achievement and externalizing behavior have also theorized to be, in
part, due to heterogeneous study samples, measurement error in assessments used, and inadequate statistical controls. For example,
socioeconomic status, gender, and race may have a moderating effect on the association between the two domains (e.g., Kremer et al.,
2016; Lam, 2014), pointing to the importance of context. Additionally, past scholarship has largely relied on variable centered ap
proaches that assume the relationship is homogenous within the population, rather than the differential development of achievement
and behavior within the individual (Kulkarni et al., 2020). Taken together, this body of work raises questions regarding the common
presumption in policy and programming that performance in these two domains is causally related, which may, in turn, help explain
mixed and null effects of various schoolwide social-emotional and behavioral support frameworks on students’ academic performance
(e.g., Corcoran et al., 2018; Noltemeyer et al., 2019).
Given this complexity and challenges in building an evidence base for causality with psychological constructs (Schneider et al.,
2007) like achievement and behavior, it is not surprising that conclusive evidence remains elusive. However, validating causal as
sociations is integral to scientific fields interested in improving outcomes and evaluating the effectiveness of interventions (Glass et al.,
2013). This is because designing interventions that manipulate variables that are just correlates and have not been established to have
temporal precedence or direct predictive associations have little applied use (Kraemer et al., 2001). Specifically, despite a lack of
consensus on the predictive association between achievement and externalizing behavior (Hinshaw, 1992; Kulkarni et al., 2020),
correlations between these domains have been assumed to have a causal link not only by practitioners but research bodies as well (e.g.,
CASEL, 2021). Given the negative outcomes associated both with externalizing behavior problems and with low achievement, a valid
representation of the relation becomes critical to informing prevention efforts (McIntosh et al., 2006). We attempted to fill some of
these gaps by using a person-centered analysis, which is useful in identifying developmental patterns, and group differences therein,
among individuals (Laursen & Hoff, 2006). Application of the latter, with incorporation of appropriate controls and a nationally
representative dataset, allows for addressing some of the key limitations of the prior work in this literature.
2. Person- versus variable-centered approaches
In most classic developmental literature, it has been the variable or construct that has been of primary interest, and how this
variable operated in relation to others across the population of interest (e.g., Masten et al., 2005). The underlying assumption of these
variable-centered approaches is that a homogeneity exists in the population in terms of how a variable (e.g., externalizing behavior)
might behave across a population (Bates, 2000). Thus, research questions would focus on how variables were related to each other and
how they developed over time using methods like multiple regression or structural equation modeling. Conversely, person-centered
analyses make no assumptions about homogeneity and allow researchers to model unobserved heterogeneity in the growth of a
specific variable across individuals (Laursen & Hoff, 2006). This approach is especially suited to examining psychological constructs
for which the assumption that a single or average trajectory is representative of an entire population can mask heterogenous devel
opment of a characteristic across time (Suzuki et al., 2021). Specifically, person-centered approaches “describe[e] differences among
individuals in how variables are related to each other” (Laursen & Hoff, 2006, p. 379) and thus are more suited to model individual
development, as these approaches allow for the identification of different trajectories of development and of a profile of individuals
who are most likely to belong to a category based on several characteristics. Latent class growth analysis (LCGA) and growth mixture
modeling (GMM) are examples of person-centered approaches that have been used extensively to model externalizing behavior (Nagin
et al., 2018).
These methods can help researchers identify whether academic achievement and externalizing behavior share different re
lationships based on groups within a population. For example, we could examine specifically whether improvement in academic
achievement can support improvement in behavior for those with the highest frequencies of externalizing behavior problems and
whether this relationship is different for those with lower levels of externalizing behavior. This is critical given that mixed results in
previous scholarship may mask legitimate relationships due to the assumption of homogeneity. Additionally, person centered analyses
allow researchers to adopt a multi-dimensional representation of individuals, acknowledging intersectional identities, as well as
capturing nuance in model outcomes (Suzuki et al., 2021). However, applications of person-centered approaches in the literature
primarily have been focused on the association of family characteristics with the development of externalizing behavior (e.g., see
Olson et al., 2017) rather than academic achievement.
3. Research purpose
This study was motivated by three research needs. First, mental health or behavior prevention and intervention requires substantial
investment because of the costs of materials, personnel, time, and evaluation (Belfield et al., 2015). It is crucial for intervention de
velopers and educational leaders to have an accurate representation of the nature of construct relations and intervention efforts and
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potential outcomes. In this case, whether intervening on academic achievement can indeed result in improved behavioral outcomes or
vice versa. Second, identifying whether this relationship is stronger for certain subgroups of students is critical to inform prevention
efforts, especially in the early elementary years, as schools could target intervention efforts on one domain to improve both academic
and behavioral functioning (Masten & Cicchetti, 2010), and broader outcomes shown to be related to difficulties (van Lier et al., 2012).
Finally, the history of contrary findings on this issue contributes to the replication crisis in psychology (Maxwell et al., 2015) and this
study contributes to this body of literature, leveraging a nationally representative longitudinal sample, appropriate controls, and a
rigorous research design. The research questions in this study included the following:
1. Are students’ early math and reading achievement associated with membership to differential externalizing behavior trajectories
through elementary school?
2. Which child and family characteristics are associated with membership to trajectory classes?
It was hypothesized that academic achievement would have a stronger relationship with the highest frequency trajectory of
externalizing behavior. The second research question acknowledges that, like most psychological concepts, behavior and achievement
have several correlates that could be related to both. We considered a range of child and family characteristics in an effort to elucidate
competing theories of the relations of academic and behavioral performance (e.g., psychological antecedents, contextual factors). It
was hypothesized that a student’s language development (Chow et al., 2018), and inattentive behaviors (Rennie et al., 2014) would be
related to both achievement and behavioral outcomes. Similarly, a child’s access to resources at home and in school have been pre
viously associated with the development of their academics and behavior (Lam, 2014). Thus, examining how early achievement is
associated with the trajectories of behavior without accounting for these variables could lead to an inaccurate representation of how
student behavior develops in schools (Kamata et al., 2018).
4. Method
This study utilized the Early Childhood Longitudinal Study–Kindergarten Cohort of 2011 (ECLS-K:2011) collected by the U.S.
Department of Education’s National Center for Education Statistics. The Early Childhood Longitudinal Study has several advantages
over other nationally representative datasets. It is the most current and therefore representative of the current cohort of elementary
students in the United States, and it was designed to provide multi-informant quantitative information on the progress of children’s
family, health, behavioral, and cognitive status through elementary school (Tourangeau et al., 2018). To allow for longitudinal
analysis, assessments and instruments used through the grades were largely the same across waves of data collection. The ECLS-K:2011
used a multistage, clustered sampling design to allow precise estimates for the population within the data. From the original 90
primary sampling units (PSUs), 30 were selected for data collection starting in the fall of kindergarten. The final sample of students (n
= 18,170) was followed up to fifth grade unless the child died or left the United States.
For the present study, we used 2010–2011 child level data collected in the spring of kindergarten, first, second, third, fourth, and
fifth grades. The ECLS authors provided several weights and their corresponding PSU and strata for researchers to use in order for the
data to remain nationally representative. The weights accounted for attrition, missingness, and the clustered nature of the data, and
researchers selected a weight in order to retain the maximum number of observations (Tourangeau et al., 2018). The specific weight
used was W9C19P_2T290 and it resulted in an unweighted analytic sample of 7330 students (all N’s rounded to 10 as per NCES re
quirements). Bar plots, correlation matrices, and Mplus code are available in the Supplementary Materials.
4.1. Measures
We used teacher ratings to construct behavioral measures because the behaviors of interest were in the school setting. The
externalizing behavior subscale (α = 0.87–0.89), which was a modified version of the Social Skills Rating System (SSRS; Gresham &
Elliott, 1990) designed for the ECLS, was administered in the spring of kindergarten, first, second, third, fourth, and fifth grades and
was used as the longitudinal outcome in this study. The SSRS has a history of strong construct validity across gender, ethnicities, and
international populations (Barger et al., 2022; Matson & Wilkins, 2009). Additionally, the SSRS has shown moderate to strong con
current validity with the Behavior Assessment Scale for Children (Lane et al., 2019; Reynolds & Kamphaus, 2015), which is the most
used assessment of behavior in school psychology (Benson et al., 2019). It is important to note that the SSRS has been validated for use
as a screener and not as a diagnostic measure (Sullivan et al., 2021), thus trajectories are not diagnostic in nature, but rather a rep
resentation of students who teachers consider to be at risk. Six items were included in the teacher questionnaire. Items in the SSRS ask
teachers if the “child disobeys rules”, “fights with others”, “has temper tantrums”, “is aggressive towards people or objects”, “does
things to make others scared”, and “talks at times when one is not supposed to” (Gresham & Elliott, 1990). The variable presented in
the dataset is the mean of the summed of scores on this scale (1 = Never to 4 = very often). If a teacher marked the option no opportunity
to observe, this was counted as missing data. Kindergarten and first grade spring subscales consisted of 5 items, whereas second, third,
fourth, and fifth grade subscales consisted of 6 items.
4.1.1. Academic achievement
Math and reading theta scores (range = − 4, 4) for each child were calculated based on direct assessments given to children in each
wave of data collection. Reading and math achievement in fall kindergarten (α = 0.95 and 0.94, respectively) were the primary
predictors in this analysis. Items on both scales were based on the 2009 reading and math frameworks for the National Assessment of
4
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Education Progress (Tourangeau et al., 2018).
4.1.2. Behavioral covariates
As covariates, we used teacher reported measures of approaches to learning and inattention in spring of kindergarten given pre
vious research suggesting that both could act as confounds of the relationship between externalizing behavior and achievement (Gray
et al., 2017). The Approaches to Learning measure (α = 0.91) was a 7-item questionnaire developed for the ECLS based on the di
mensions of school readiness described by the National Education Goals Panel framework (NEGP; Kagan et al., 1995) to encapsulate
classroom-based behaviors considered conducive to learning in a school environment. Items include “keeps belongings organized”,
“shows eagerness to learn new things”, “works independently”, “easily adapts to changes in routine”, “persists in completing tasks”,
“pays attention well”, and “follows classroom rules”. The Inattention measure (α = 0.87) was a 12-item subscale of the short form
Children’s Behavior Questionnaire (CBQ; Putnam & Rothbart, 2006) administered in the spring of kindergarten. The CBQ asks teachers
to score how often children exhibited behavior on a 7-point scale (1 = extremely untrue to 7 = extremely true). Altough example items of
the CBQ items are not presented due to copyright agreements, items were designed to measure behaviors that demonstrate a child’s
ability to focus their attention on tasks relevant to the classroom environment (Putnam & Rothbart, 2006).
4.1.3. Working memory and language covariates
The analysis included as a covariate a direct assessment of working memory where children were asked to complete a backwarddigits task that required the child to orally repeat numbers in the reverse order that was presented to them. Additionally, for early
language skills, the ECLS included scores from two tasks from the Preschool Language Scale (Duncan & DeAvila, 1998). The “Simon
Says” task required students to follow simple spoken instructions in English and the “Art Show” task was a picture vocabulary
assessment (Tourangeau et al., 2018). The combined score of the language screener in the spring of kindergarten was used in the
analysis (α = 0.89). These two covariates were measured in the fall and thus were considered antecedent variables in the analysis.
4.1.4. Sociodemographic covariates
The analysis included a child’s sex, race, family socioeconomic status, parent’s educational attainment, and percentage of nonwhite students in school to account for associations between sociodemographic indicators, including school segregation (Palardy
et al., 2015), on externalizing problem behavior and academic achievement. When including race as a variable in the analysis, it is
important to acknowledge that it is not measuring biological differences between groups, but rather differences in how children are
treated due to their race within school systems, including by teachers (Gillborn et al., 2018). This is especially relevant in this study as
ratings of behavior were completed by teachers.
4.2. Data analysis
The ECLS developers provided an average of the externalizing behavior subscale in the dataset based on the summed frequency of
behaviors by number of items, resulting in a variable that mimicked a continuous variable. However, treating it as continuous and
normal could result in inaccurate standard errors (Shiyko et al., 2012). Thus, to account for the original frequency characteristic of the
measure and the non-normal positive skew, the mean was multiplied by the number of items on the subscale. Although the kinder
garten and first grade subscales had one less item (i.e., 5 items instead of 6 items), all means were multiplied by six to maintain
comparisons with other rounds of data collection. Thus, the total sum frequency of behaviors for each student was modeled (Collins
et al., 2017) instead of using their mean score on the subscale. Additionally, the ECLS authors coded the zero-frequency option in the
externalizing subscale (never shows behavior) as ‘1’, rather than zero. To adjust for this, each student’s score was subtracted by six. As a
result, children who did not show any externalizing behavior on any item on the scale had a score of zero, rather than six, allowing
clearer interpretation without disturbing the properties of the original distribution. Given our large sample size, multicollinearity was
not a concern and the correlation matrix confirmed that all inter-variable correlations were below 0.6.
By using the weight to select cases to include in the analysis, it was found that less than 5% of the data were missing across every
time point and variable except for birth weight and IEP status, for which approximately 8% and 10% of data were missing, respec
tively. However, given that ECLS consists of several related variables, including parent and teacher reports of inattention, internal
izing, approaches to learning, gender, sex, socioeconomic status, and birthweight, this dataset qualified for the MAR assumption that
allows for Full Information Maximum Likelihood Estimation, which is a robust method to estimate missing data even with non-normal
data (Larsen, 2011).
4.2.1. Growth curve modeling and mixture modeling
In cases where individuals are theorized not to come from the same population, mixture modeling provides researchers a way to
model unobserved heterogeneity. The growth mixture model (GMM) traditionally allows within class variation in intercept and slope
(i.e., assumes that the mean trajectory of a class is made up of multiple trajectory subpopulations; Nagin et al., 2018), whereas in the
LCGA the growth curve parameters are fixed and not random (Reinecke & Seddig, 2011). In the present study, first an LCGA and then a
GMM were run as per best practice recommendations (Reinecke & Seddig, 2011). However, only the former method was finally used
due to non-convergence of the GMM models. This was hypothesized to be because of the complexity of GMM that often yields un
reliable solutions due to non-convergence of multiple local maxima (e.g., Olson et al., 2017). The code and output for both GMM and
LCGA solutions can be found in the Supplementary Materials. Finally, to account for the large number of zeros when modeling
behavior, we ran an unconditional base model with a negative binomial model (NB) and a Zero Inflated Poisson (ZIP) to test which
5
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model returned the best fit statistics (Allison, 2011). We used the model with best fit to specify the distribution to run the latent class
growth analysis on.
Model Building. In this analysis, we used the 1-step or direct method. We simultaneously added time invariant covariates in the
longitudinal model to estimate class trajectories, eliminating (a) the assumption that class membership is concrete or known and (b)
the bias of classification error that is common in the traditional 3-step method (Lanza & Cooper, 2016). Additionally, this method
accounts for the common finding that covariates alter class structure and does not present artificial class trajectories that assume a
person’s membership to a trajectory cannot be influenced by variables theoretically related to the primary outcome (Kamata et al.,
2018).
Cross Validation. Machine learning researchers suggest the use of cross validation to estimate the performance of the method used
to build the final model, as well as to improve generalizability of the chosen model to new datasets (Cawley & Talbot, 2010). We used a
cross validation method known as holdout, which is preferred when using larger datasets (Gao et al., 2018). In this method, the sample
is split randomly in two halves; one dataset is called the training set and the other the testing set (Cawley & Talbot, 2010). First, all
model building was conducted on the training set and the optimal number of classes were obtained. Then, this model was run on the
testing set to see if similar fit statistics and parameter estimates were returned. No significant differences would indicate that the model
generalized well and there was no overfit (Gao et al., 2018). The final analysis could then be run on the entire data set.
5. Results
We describe steps taken for model selection, examine descriptives of the final model chosen, and then conclude by examining both
research questions. Descriptives of the weighted sample are presented in Table 1. Missing data percentages are presented for all
covariates and the primary outcome variable at each wave. FIML, as stated earlier, was used to handle missing data and thus no cases
were dropped.
5.1. Model selection
We first conducted model selection on the training dataset (n = 3660) as per cross validation procedures. We ran an unconditional
latent curve growth model to compare the fit between a ZIP model and NB model. We used commonly accepted fit indices like the
Akaike information criterion (AIC), and adjusted Bayesian information criterion (BIC) to judge fit. As smaller adjusted BIC values
indicate better fit we chose the NB model (ΔBIC 536.75). Next, we chose the best fitting form of the developmental trajectory. The
Table 1
Descriptives of weighted sample.
Variable
Child Characteristics
Male
White
Black
Hispanic
Other
Birth weight in pounds
Reading IRT K Fall
Math IRT K Fall
Numbers reversed score K Fall
Attention K
Approaches to Learning K
Internalizing symptoms K
Total language score K fall
IEP % in kindergarten spring
Percent minoritized students in school
Externalizing K
Externalizing 1st grade
Externalizing 2nd grade
Externalizing 3rd grade
Externalizing 4th grade
Externalizing 5th grade
Family Characteristics
Socio-economic status
Parent Education Level

M/Pct (SD)

Range of possible values

SE

% missing

51.43
51.71
13.36
24.82
10.10
6.85 (1.31)
53.38 (11.31)
35.46 (11.44)
98 (16.82)
3.03 (0.88)
2.92 (0.67)
1.50 (0.48)
18.73 (2.75)
8.8
14.64 (22.35)
3.69 (3.78)
4.27 (3.62)
4.27 (3.70)
4.09 (3.65)
3.88 (3.57)
3.82 (3.58)

5–8
0–205
0–206
45–200
1–5
1–4
1–4
0–20
0–100
0–100
0–18
0–18
0–18
0–18
0–18
0–18

0.007
0.023
0.167
0.020
0.011
0.021
1.50
1.53
3.32
0.001
0.005
0.002
0.11
0.000
6.41
0.17
0.16
0.16
0.16
0.15
0.15

0
0
0
0
0
10.89
0.65
0.26
0.40
3.90
3.03
1.02
1.02
8.84
0.22
1.05
3.69
0.68
0.60
0.98
1.05

− 0.09 (0.77)
4.56 (1.82)

− 2.33-2.60
1–8

0.007
0.040

0.37
0.29

Note. Weighted estimates reported. Unweighted N = 7330. All unweighted counts rounded to 10 as per NCES regulations. Birth weight in pounds,
math, and reading scores are scaled scores; the numbers reversed score is a standard score. Attention, approaches to learning, and internalizing ranges
are means of rating scales where 1 = never shows behavior, 4/5 = almost always shows behavior. Externalizing range is 0 = marked as never shows
externalizing behavior across all items, 18 = marked as almost always shows behavior across all items. Parent education was coded as 0 = none, 1 ≤ 8th
grade, 2 = 9th–12th grade, 3 = high school diploma, 4 = vocational program, 5 = some college, 6 = bachelor’s degree, 7–8 = Master’s degree or higher. The
SES variable is a continuous imputed variable with 0 representing the median average household salary in the US.
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estimated and observed mean plot indicated, that on average, teacher perceived behavior was stable across time, with a slight increase
in teacher-reported externalizing behavior in first and second grade that largely disappeared by fourth grade. Overall, there was little
change in the mean teacher-reported externalizing behavior from kindergarten to fifth grade. We analyzed four unconditional NB
latent curve growth models to account for the increase in behavior in first and second grades, including (a) quadratic, (b) piecewise, (c)
linear, and (d) free loading slope factor. The free loading slope factor model accounted for non-linear trends and change in slope. It is
interpreted as the change in behavior between the first and fifth time points.
The quadratic and piecewise models did not converge even after reducing the number of random start points. The free-loading
factor model and the linear unconditional model performed the best and had very similar AIC and BIC values. However, although
the former converged, the output warned of several parameters being fixed to avoid singularity of the matrix due to the model most
likely not being identified. Thus, the linear model seemed to be the best model to represent the data. To make sure that adding
covariates did not change this conclusion, we then reran the models with all the covariates and predictors (conditional model). Similar
to the unconditional models, the piecewise and quadratic models did not converge, whereas the linear model converged with no
warning messages. We reran the linear model with twice the number of random starting points to validate the replicated best log
likelihood. This step ensures that the optimal solution was reached.
5.1.1. Selecting the appropriate number of trajectory classes
We ran models consistent with the procedures described by Jung and Wickrama (2008) for a 1-step approach. For each uncon
ditional model, we ran the corresponding full model to make sure there were no major differences in class structure. Fit statistics for the
unconditional and full models are presented in Table 2. We discarded the 4-class and 5-class solutions as they had poor entropy in the
unconditional models and a zero-person class in the conditional models, both indicators of poor fit. Ideally, a lower BIC and an
increased entropy should help select the best fitting model. Although the 3-class solution performed the best, the entropy was similar
between the 2- and 3-class solution, indicating only slight improvement in model fit. This is supported by the non-significant LRT
values. The statistical evidence, therefore, suggested that the 2- and 3-class models had similar fit statistics and fit the data equally well.
Box and Draper’s (1987) observation that “all models are wrong, but some are useful” (p. 424) was relevant to decision making
when choosing between these two models. A consistent finding is that the more commonly identified taxonomy is of higher persistent,
low/moderate, and no problem groups across developmental periods (Van Dulmen et al., 2009). When applying the above findings to
the current analysis, the 2-class model was unable to identify the higher persistent behavior group and split the sample almost in half,
whereas the 3-class solution identified a higher group (27%), a no problem group (29%), and a majority low persistent group (43%),
with the latter two groups representing typically functioning children. Thus, the ability to identify a higher problem group and
alignment with empirical data, as well as the purpose of the study, led to the 3-class solution being chosen (Fig. 1).
Once the 3-class model had been chosen, this was fit to the testing dataset. There were no significant changes in fit statistics or class
separation between the training and testing datasets, indicating that the model building process was accurate and supported gener
alization of the model. Thus, for the purpose of the present study, the 3-class, negative binomial model was chosen to address the
research questions. Subsequently, all analyses were conducted with the complete sample to take advantage of all information in the
dataset. To support descriptive analysis, multiple ANOVAS were also conducted to identify significant mean differences in predictor
variables between the three trajectory classes.
5.2. Research Question 1
Means and standard deviations for each trajectory class in the 3-class model are presented in Table 3. The first research question
examined whether early math and reading achievement predicted a student’s externalizing behavior trajectory class membership to
the higher persistent and no-problem groups, as compared to the low-persistent group. Results from latent class growth analysis
(Table 4) showed that after accounting for various socioeconomic characteristics, teacher-reported approaches to learning, and
teacher-reported inattention, a student’s reading achievement had no association with trajectory type (i.e., a student’s reading
achievement was not associated with their classification to the HP; OR = 1.01, 95% CI [1.00, 1.02], p = .273) as compared to the low
persistent (LP) group. Although the odds ratio p-value indicated that a student with lower reading scores was more likely to belong to
the LP group rather than the NP group, the odds ratio itself indicated that the size of this effect was very small (OR = 0.98, 95% CI
Table 2
Fit statistics for 1-, 2-, and 3-class models.
-Ll

Adj.BIC

%ΔBIC

LRT

Entropy

Conditional Models
1 class
2 class
3 class

290,997.49
293,703.71
291,555.36

583,225.073
588,540.256
584,357.993

0.90
− 0.72

NA
p = .74
p = .77

NA
0.85
0.82

Unconditional Models
1 class
2 class
3 class

98,851.02
101,008.23
99,160.14

197,764.967
202,079.398
198,400.369

2.12
− 1.85

NA
p = .74
p = .77

NA
0.84
0.81
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Fig. 1. Mean teacher ratings of externalizing behavior kindergarten through fifth grade for the 3-class solution.
Table 3
Mean Parameter Estimates and Classification Probabilities.
Unweighted
N
Higher-persistent trajectory
(27%)
Low-persistent stable
trajectory (43.3%)
No-problem stable trajectory
(29.5%)

Intercept (SE)

Slope (SE)

CP Class 1 (Higher
persistent)

CP Class 2 (No
problem)

CP Class 3 (Low
persistent)

2000

2.11** (0.02)

− 0.02** (0.004)

0.93

0.00

0.07

2160

1.29** (0.03)

− 0.01* (0.006)

0.04

0.05

0.91

3170

0.11* (0.05)

0.02 (0.01)

0.00

0.93

0.07

Note. Unweighted N rounded to 10 as per NCES requirements. *p < .05, **p < .001. SE = standard error.
Table 4
LCGA Regression Odds Ratio Results.
Higher persistent stable trajectory class (HP)
95% CI

No-problem stable trajectory class (NP)

Child Characteristics

OR

OR

95% CI

Male
Black
Hispanic
Other
Birth weight in pounds
Reading IRT K Fall
Math IRT K Fall
Numbers reversed score K Fall
Attention K spring
Approaches to Learning K spring
Internalizing symptoms K spring
Total Language Score
IEP in Kindergarten spring
Percent minoritized students in school

2.40**
2.07**
0.78*
0.70*
1
1.01
1.02*
1.01
0.41**
0.60**
1.19
1.03
0.9
1

2.02,
1.57,
0.65,
0.52,
0.95,
1.00,
1.01,
1.00,
0.36,
0.51,
0.97,
1.00,
0.73,
1.00,

2.86
2.72
0.94
0.92
1.05
1.02
1.03
1.01
0.48
0.71
1.46
1.04
1.11
1.01

0.48**
0.41**
1.03
1.11
0.99
0.98*
1.01
1
2.65**
1.75**
1.54**
0.94**
0.84
1

0.42,
0.28,
0.83,
0.87,
0.92,
0.98,
1.00,
1.00,
2.31,
1.50,
1.31,
0.91,
0.63,
1.00,

Family Characteristics
Socio-economic status
Parent Education Level

0.60**
1.06

0.51, 0.70
1.00, 1.06

1.32*
0.96

1.13, 1.54
0.90, 1.02

0.55
0.60
1.28
1.41
0.99
0.99
1.02
1.01
2.65
2.04
1.81
0.96
1.13
1.01

Note: *p < .05, **p < .001. Reference groups are lower persistent class for no-problem and higher persistent classes, White for Black, Hispanic and
Other, and female for male.
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[0.98, 0.99], p = .001) and that students’ reading achievement made them almost equally likely to belong to either group. Similarly,
although significant, students’ math achievement was weakly associated with classification to the HP (OR = 1.02, 95% CI [1.01, 1.03],
p = .002) or NP group (OR = 1.01, 95% CI [1.00, 1.02], p = .138) as compared to the LP group. Nevertheless, class membership was
significantly related to several other variables included in the model.
5.3. Research Question 2
The second research question examined the child and sociodemographic characteristics associated with externalizing behavior
trajectory memberships. Boys were almost two and a half times as likely (OR = 2.42, 95% CI [2.02, 2.86], p < .001) than girls to belong
to the higher persistent trajectory group, and almost half as likely (OR = 0.48, 95% CI [0.42, 0.55], p < .001) than girls to belong to the
NP group as compared to the low persistent group, after controlling for covariates. As compared to White students, Black students were
twice as likely (OR = 2.07, 95% CI [1.57, 2.72], p = .002) to belong to the HP group as compared to the LP group, and around half as
likely as White students (OR = 0.41, 95% CI [0.28, 0.60], p < .001) to belong to the NP group as compared to the low persistent group
after controlling for covariates. Hispanic students were less likely (OR = 0.78, 95% CI [0.65, 0.94], p = .013) than White students to
belong to the HP group than the LP group and were equally likely (OR = 1.03, 95% CI [0.83, 1.28], p = .828) to belong to the NP group
as compared to the LP group.
Socioeconomic status was also related to trajectory membership. As latent class growth analysis is essentially a multinomial
regression and socioeconomic status was treated as continuous, for every one-unit increase in the socioeconomic scale the increase in
odds follows a log function. Overall, students who belonged to families who were of higher socioeconomic status were less likely to be
categorized in the HP group (OR = 0.60, 95% CI [0.51, 0.69], p < .001) and more likely to belong to the NP group than the LP group
(OR = 1.32, 95% CI [1.13, 1.54], p = .009). Neither birthweight nor parent’s education level were significantly related to class
membership after controlling for covariates. Similarly, belonging to a school with a higher proportion of Black students was not
associated with class membership (see Table 4). This result was replicated in the between-class descriptives (see Table 5), where
students in each class belonged to schools that had similar mean percentages of minoritized students.
5.3.1. Child characteristics
The strongest malleable predictors to class membership were teacher-reported attention and approaches to learning scores in
kindergarten. A student with higher ratings of teacher-reported attention had almost half the odds of belonging to the higher persistent
group as compared to the low persistent group (OR = 0.41, 95% CI [0.36, 0.48]). Findings were similar for the approaches to learning
Table 5
Between Class Mean Comparison.
Child Characteristics
Percent boys
Percent White
Percent Black
Percent Hispanic
Percent other- race
Birth weight in pounds
Reading IRT K Fall
Math IRT K Fall
Numbers reversed K Fall
Attention K spring
Approaches to Learning K Fall
Internalizing K spring
Total Language Score
Percent IEP in K spring
Externalizing K
Externalizing 1st grade
Externalizing 2nd grade
Externalizing 3rd grade
Externalizing 4th grade
Externalizing 5th grade
Family Characteristics
Socio-economic status
Parent Education Level

Higher Persistent Group (SD)

No Problem Group (SD)

Low Persistent group (SD)

F or Chi square

74.01
47.87
23.14
21.44
7.52
6.82a (1.37)
53.27a (11.08)
34.65a (10.49)
92.99a (16.99)
2.36a(0.79)
2.61a(0.63)
1.60a(0.54)
18.82a (2.83)
12.85
7.39a (3.96)
8.30a (3.50)
8.48a (3.48)
8.12a (3.60)
7.73a (3.60)
7.42a (3.78)

30.52
55.55
5.38
27.33
11.75
6.86a (1.30)
56.55b (11.86)
38.77b (11.86)
99.14b (16.23)
3.64b(0.60)
3.59b(0.46)
1.47b(0.44)
18.71a (3.34)
4.71
0.81b (1.35)
1.37b (1.41)
1.20b (1.29)
1.09b (1.28)
1.14b (1.36)
1.20b (1.39)

51.38
51.52
12.63
25.24
10.61
6.85a (1.30)
54.84c (11.07)
36.20c (11.07)
95.80c (16.72)
3.05c(0.80)
3.17c(0.60)
1.46b(0.47)
18.80a (2.90)
8.99
3.23c (2.61)
3.74c (2.20)
3.73c (2.24)
3.60c (2.23)
3.35c (1.39)
3.36c (2.48)

351.23
6.90
79.46
5.58
6.34
1.78
30.19
58.54
60.53
918.12
971.90
27.27
1.51
38.23
1304.33
2537.32
2252.53
2057.55
2058.90
2880.04

− 0.22a (0.72)
4.44a (1.68)

0.09b (0.82)
4.87b (1.94)

− .02c (0.77)
4.69b (1.87)

46.70
13.99

Note. Weighted estimates presented. All chi square and F statistics significant at p < .01 or p < .001 except for birth weight, language, and parent
education level, which were not significant. Birth weight is in pounds. Math and reading scores are scaled scores. The numbers reversed score is a
standard score. Attention, approaches to learning, and internalizing ranges are means of rating scales where 1 = never shows behavior, 4/5 = almost
always shows behavior. Externalizing range is 0 = marked as never shows externalizing behavior across all items, 18 = marked as almost always shows
behavior across all items. Parent education was coded as 0 = none, 1 ≤ 8th grade, 2 = 9th–12th grade, 3 = high school diploma, 4 = vocational program, 5 =
some college, 6 = bachelor’s degree, 7–8 = master’s degree or higher. The SES variable is a continuous imputed variable with 0 representing the median
average household salary in the US. Superscripts of a, b, c indicate a significant difference between means.
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variable. An increase in approaches to learning teacher ratings was associated with a decreased chance of belonging to the HP group as
compared to the LP group (OR = 0.60, 95% CI [0.51, 0.71], p < .001) and a decrease in teacher-rated approaches to learning increased
the chances of a student belonging to the NP group as compared to the LP group. The working memory measure and language measure
were not related to class membership after controlling for covariates. Similarly, the presence of an individualized education plan in
kindergarten was also not related to class membership (Table 4). Lastly, higher ratings of teacher-reported internalizing behavior were
associated with increased odds of belonging to the no problem group than the low problem group.
6. Discussion
In this study we used a person-centered latent class growth analysis to study the association of a student’s early academic
achievement with membership to differential trajectories of externalizing behavior in elementary school. Additionally, student and
family characteristics associated with trajectory membership were examined. Overall, three class trajectories of externalizing behavior
were identified, including a (a) higher persistent group (HP), (b) low persistent group (LP), and (c) no problem group (NP) based on
teacher ratings. Importantly, neither a child’s early math nor reading achievement was associated with trajectory membership.
However, being a Black boy from a family considered to be lower socioeconomic status disproportionately increased a child’s chances
of belonging to the higher problems group based on teacher ratings. Additionally, children who were rated by their teacher as having
higher levels of inattention and lower teacher-reported approaches to learning were all associated with classification in the HP as
compared to the LP group.
6.1. Early academic achievement and externalizing behavior
Despite small significant differences for means in reading and math student achievement across groups, the latent class growth
analysis finding implies that the variation in mean academic achievement at school entry observed across behavior trajectory groups
was likely attenuated by the presence of other covariates. Although there are developmental (e.g., Dishion et al., 1991) and behavioral
theories (McIntosh et al., 2006) that directly link low academic achievement to the development of externalizing behavior, results from
this study do not support predictive relations between the two domains. This is consistent with a recent systematic review that sug
gested no substantial predictive relations between the two domains (Kulkarni et al., 2020); the present study generalizes these findings
to different trajectories of externalizing behavior. Additionally, results lend support to Hinshaw’s (1992) antecedent model theory in
which the observed comorbidity between lower academic achievement and externalizing behavior is explained by theoretical ante
cedent variables.
Given that inattention strongly predicts academic achievement when externalizing behavior is controlled for (e.g., Gray et al.,
2017) and that children in the HP group also had the lowest attention scores, it could be that inattentive symptoms, rather than level of
externalizing behavior, is associated with the observed depressed academic achievement. Like inattention, low teacher ratings in
approaches to learning were associated with membership to the higher persistent group as compared to the low persistent group. The
measure used in this study was developed as a dimension of school readiness that encompasses behavior critical to classroom success,
such as transitioning and task persistence. Possibly, students who have higher externalizing behavior in kindergarten display a
combination of other problem behaviors (e.g., inattention, poor approaches to learning) that contributes to the consistent ratings of
externalizing behaviors through elementary school. Finally, although recent longitudinal meta-analytic results examining the re
lationships between language and behavior are of small but negative associations (e.g., Chow et al., 2018), the findings from this study
did not support this trend. A potential reason could be that most students performed very well on the language measure used in ECLS
(Table 1), thus resulting in a lack of variation and power to predict membership to the externalizing behavior groups.
6.2. Sociodemographic characteristics
There were several student and family characteristics associated with trajectory membership. However, of most concern was that
Black students’ behavior ratings by teachers, especially boys, made them almost twice as likely as their White peers to belong to the HP
class trajectory. This result is not insubstantial as the HP group had a mean that is at least one standard deviation above the low
persistent group and almost two standard deviations above the no problem group. The perception of Black students having higher
problem behaviors is multifaceted and can be viewed through an ecological lens that acknowledges multiple spheres of influence on
the development and perception of behavior (Bronfenbrenner, 1994). At the student level, studies have shown that White teachers tend
to rate Black students worse than other race peers when rating externalizing behavior, regardless of overall class behavioral context (e.
g., Bates & Glick, 2013).
Negative racial stereotypes also make it more likely that teachers pathologize patterns of behavior in Black children as more
problematic (Okonofua & Eberhardt, 2015). Furthermore, teacher ratings cannot be seen divorced from school context. Children in
schools, especially Black children, are more likely to experience disproportionate levels of harsh discipline (Smolkowski et al., 2016)
and higher student-teacher conflict (Zimmermann, 2018). At the school-level, due to decades of segregation and racist housing policy,
Black students are more likely to attend schools with fewer resources in lower socioeconomic neighborhoods (Owens et al., 2016).
These schools tend to have teachers that are poorly trained and highly stressed (Simon & Moore Johnson, 2015), resulting in conditions
that exacerbate implicit bias and activation of harmful stereotypes (Langer, 2009). A large body of work suggests that educators apply
harsher and more frequent penalties to Black students’ behavior but that differences in behavioral outcomes (e.g., exclusionary
discipline) are due to racial bias—including racially biased adult responses to normative child and adolescent behavior (Amemiya
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et al., 2020)—rather than differences in students’ behavior (e.g., Rocque & Paternoster, 2011; Skiba, 2015). Taken together, the results
of the present study should not be taken to suggest that Black boys have more problematic behavior but rather they are rated as such by
teachers. The exact nature of those ratings—both in research and practice contexts—should be subject to scrutiny.
6.3. Limitations
This study has certain limitations related to study design and methodology through which results should be interpreted. Even
though it leveraged a nationally representative sample, the sample size for Asian, Native American, and Pacific Islander students was
not large enough to allow disaggregated analysis. Thus, results may not generalize to students who belong to these racial and ethnic
categories. Second, this study only examined students in elementary school, and there is emerging evidence that early academic
achievement could be related to externalizing behavior in adolescence (Weeks et al., 2016), thus future research should include middle
and high school students from appropriate datasets when available. Furthermore, the latent class growth analysis in this study was
conducted via Mplus (Muthén & Muthén, 2018) and thus the analysis was constrained within its limitations. As a result, the Boot
strapped Likelihood Ratio Test (Feng & McCulloch, 1996), a recommended fit statistic, was not available for complex samples which
limited the ability to use it to compare the 1-, 2-, and 3-class models. Finally, although the intention of the study was to use early
childhood measures to ensure temporal precedence, results should be interpreted within the limitation of measures that are collected
when children were in kindergarten.
6.4. Implications for practice
Several implications can be drawn from the results of this study. The results suggest that a student’s early academic achievement
does not make them more or less likely to be rated as having externalizing behaviors. Instead, what is directly related to the devel
opment of externalizing behavior are other malleable positive behaviors like attention and approaches to learning. Additionally, it
could be these malleable factors are antecedent causes to both externalizing behavior and academic achievement (Hinshaw, 1992).
Thus, any efforts targeting only academic achievement, whether universal or intensive, are unlikely to have an effect on decreasing or
preventing the development of externalizing behavior in children. A blended model of support that targets both behavioral and ac
ademic needs of students at all levels of need is necessary to support whole-child outcomes (Horner & Sugai, 2015). In other words, the
prevention of behavioral problems should depend on mental health services rather than expecting gains in one domain to carry over to
the other.
Second, results support evidence that teacher-reported externalizing behavior is largely stable through elementary school. This
underscores the importance of early intervention to prevent behaviors from developing or continuing. Interventions targeted at
improving early school readiness skills have been shown to prevent the development of later externalizing behavior problems (Dodge
et al., 2017), and recent studies have shown that interventions focusing on developing self-regulation skills, which are closely related
to both attentional control and approaches to learning, could result in greater reduction of problem behavior (Duncan et al., 2018a,
2018b).
Lastly, the stability of teacher-reported behavior of students could also have implications for school systems that serve students of
color, and especially Black students. Results from this study imply that negative perceptions of Black students’ behavior start early and
remain largely stable, supporting other findings that have found that biased observations of behavior can begin as early as preschool (e.
g., Gilliam et al., 2016). Furthermore, implicit bias training may not be enough to change behavior. Rather, researchers suggest
implementing cultural competency training for teachers to provide context to students’ behaviors and prevent misinterpretation
(Blake et al., 2016). Finally, when addressing disproportionate representation in any domain, it is important that educators do not
forget that true prevention cannot focus only on the individual. Rather, to prevent inequitable outcomes that are a result of historical
and structural racism, educators could instead scrutinize and dismantle the institutions that create them (Artiles et al., 2010).
Appendix A. Supplementary data
Supplementary data to this article can be found online at https://doi.org/10.1016/j.jsp.2022.07.004.
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